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PPO

 PPO: Proximal Policy Optimization
* In TRPO, we use KL divergence to constrain the magnitude of the update.

Trust region methods, target: max J(6)
* Trust region: N(6,,,) = {0|110 — G0 ll> < A} /;adius A
* Construct function L(0|6,,,,,), satisfying: 9514
L(6|6,,,,) is very close to J(0), V8 € N(6,,,,,)

N(O
* J(0) can be replaced by L(8|6,,,,,) when 8 € N(6,,,,,) (8514)
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PPO

 PPO: Proximal Policy Optimization
* In TRPO, we use KL divergence to constrain the magnitude of the update.

Train
* Approximate
a) Present policy network parameter is 0,,,,,. Use m(a|s; 6,,,,,) tO
control the agent, record trajectories: s{, a4,1¢, Sz, 5,75, ...,
Sn» Ay Ty -
b) Forallt, calculate u,.

N .
c) Approximate function: L(8|6,,o,) =% Ttl=1n(7-;(cit;|:90t ) )
t1~°toYnow

'ut.

* Maximize
Opew = argmaxgL(8|6,00); |S-t. 1|60 — O,,0w |2 < Al constraint

| il <
KL divergence ;zz:; KL[w( + | 8i3 Onow) Hw( | i 9)] < A
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PPO

 PPO: Proximal Policy Optimization

* In TRPO, we use KL divergence to constrain the magnitude of the update.

 However, if we use gradient based optimization, it is difficult to deal with
constraints.

* While in PPO, constraint is placed in the formula needed to be optimized:

( Jppo(0160) = (816" — B - KL(6,0")
(a¢lse; 6)

9 9’ =E /

O16) = Fisvann" |(q1s,:07)

» KL divergence is now in target and it’s easier to calculate.
* Note that KL divergence measures the similarity of probability
distributions (actions) instead of parameters (8 and 8’').

A

A(sg,a.;0")
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PPO

[ppa(016) =](016") — B - KL(6,60")
, m(a¢|se; 6) ,
(ng ) = E(st,at)~7'c(6') [ﬂ(atlst; QI)A(SD ag; 6 )]

i TRPO ., Jue)=Ec(g(s))

o D~ \ o wialsie)
‘ \/7((4) ’a%TL(a/S)QMW) TECW,Q)‘QW.W &r[(,s/a,)

B T(Msio) g J
- A"/n(’/éigwow) TC(A’S}QMW) QKC A)

. _ — (AIS:i8)
- jw)’Es[E/Q’Vﬂ('}S}gmw)[:[((ﬁ!'S;emw Q\K,CS/A)JJ |
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PPO - penalty

» Target function: /0 (0]6%) = J(0]6%) — B - KL(6,6%)
* In each iteration, use 8% to interact with environment and sample (s;, a;),
and then update 0.

* Here the problem is how to set value of £.
* Adaptive KL divergence: adjust 5 dynamically.

Seta KL, 4, anda KL, ., if KL(8,0%)> KL, .., itmeans 8 - KL(0,0%)
is too weak, then enlarge [ (and vice versa).

KL(6,0%) > KLy,  amplify
KL(6,0%) < KLpax, diminishp
)
Jppo(016%) = J(616%) — B - KL(6,6%)
as|sq; 0
(616" ~ Z m(a¢|se; 0)

T n(at |St ; Qk)

A

A(St, at; Hk)
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PPO - clip

* In PPO2, clipping is introduced instead of KL divergence.
* Target function:

]PPOZ(ngk)

t(a.|s;; 0 m(a;|s;; 0
~ 2 min(n((a t|Lt.9k))A(St,at;8k), clip (n((a t|.|5‘1i9k)),1_8'1+8>A(St, at;ek))
(se.at) t=e vee

( w(at|St; 0)
b agfse; 69)
w(at|St; 0)

’ Tl'(at|St; Hk)
m(at|Se; 0)
T[(at|5t; Qk)

<1-—¢

>1+4¢

* clip(): clip (nn((aﬁit-;geg)’ 1—¢51+ e) =<{1+¢

,else
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n(a¢|Se; 6)
n(at|St; Hk)

. cIip():clip< ,1—8,1+€>=<1+5;n(

Y R A9

po(a¢|se)
1—¢ 1 1+¢ pek(at|5t)
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PPO - clip

e Target function:
_ m(aclss; 0) ( (aglse; 6) >
0|10%) =~ z min A(s,, a,:0%), cli 1—c1+¢|A(sy a.; 0%
Jero(016") o (n(at|st;9k) (5t az; 0%),ctip m(a.ls; 60%) (se,2650%))
t“t

3099 & S A4

NNWEBNWEH
1+4+¢ 1+¢ A0 A,
1 1
1—¢ 1—-FF=
O &, & > D @ C >
0 1 — & 1 1 + & po(ac|se) 0 1—-¢ 1 1 4+ ¢ pe(aclse)
pek(ac|se) Pok(aclse)
(a) A >0 (b) A <0

In brief, m(a;|s;; @) is supposed to be close to n(at|st; 9"), at the same time, if A>0, ignore
the advantage caused by over-deviation (and vice versa).
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GAIL

e GAILis based on GAN (generative adversarial network), which contains
generator and discriminator.
* Generator is used to generate fake samples.
e Discriminator is used to determine wether a sample is fake or not.
 For example, generator generates a fake face picture, while discriminator
determines whether it is generated by generator.
* In GAIL, data to be trained is the trajectories generated by human expert
(imitated object):
T =1[81,a1, ., Sy, Ay |-
 Data set contains k trajectories, denoted as:

X = {T(l),’[(z), ...,T(k)}.
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GAIL

* Trajectory:
T = [S1,Qq, o) Sy Ay |-
* Data set contains k trajectories, denoted as:
X = {T(l),‘[(z), ...,T(k)}.
* Generator: (als; 9),
Input: s,
Output: f = (- |s; 9).
atNTE(' |S; 9)' St+1~p(° |St' at)
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GAIL

* Trajectory:
T = [S1,Qq, o) Sy Ay |-
* Data set contains k trajectories, denoted as:
X = {T(l),‘[(z), ...,T(k)}.
* Discriminator: D(s,a; ¢),
Input: s,
Output: p = D(s,: |¢p), elementp, = D(s,a; ¢p) € (0,1),Va € A,
1 means real (human expert) and 0 means fake (generator).
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GAIL

* Train:
1. Sample a trajectory from the training data set, denoted as:
2. Usem(als; 6,,,,) to control the agent, getting a trajectory, denoted as:
3. Use Discriminator to determine if the actions of polity network is real:

Uy = lnD(sfake, [ake; qbnow),Vt =1,...,n
4. Take t/%€ and u; as input, update the parameter of generator (policy network), getting
Onew: ~
Onew = argmaxgL(6|6,,,,); S. t.dist(0,,,0) < 6.
5. Take t7¢%* and 7/%%€ as input, update the parameter of discriminator, getting 0, :

d) - ¢ —n- v F(Treal,Tfake; ¢)
F(Treal,l.fake; ¢) 1 1111[1 _ D(Sreal Zeal; ¢ )] + 1 1lnD(Sfake, [ake; 4))

Loss function Smaller when D is larger Smaller when D is smaller

SR A B

] UNIVERSIDADE DE MACAU
UNIVERSITY OF MACAU




Thank you.
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